Abstract-The aim of this study was to classify using a neural network LAE into mildly, moderately, and severely abnormal from a subject's P-wave. Cardiological features, wavelet features, and a combination of both were used to train the neural networks. It was found features derived from the wavelet energy spectrum performed better than the cardiological features on the test cases.
I. INTRODUCTION
There are several conditions that can cause an enlargement of the atria to occur. Most commonly dilation or hypertrophy of the atrial chambers is due to increased demand upon the cardiac system. [1] This structural change can have significant effects on the overall cardiac function. Assessment of the atrial dimensions can show this change and has been shown to be a predictor of cardiovascular events such as atrial fibrillation and stroke. [2] [3] [4] . The size of the left atria is commonly used as the indicator for a change in atrial dimensions. The change in the left atrial area can be classified into 3 main groups; mildly abnormal, moderately abnormal, and severely abnormal. [5] The mildly abnormal have left atrial areas of 20-30 cm 2 , the moderately abnormal have areas of 30-40 cm 2 , and the severely abnormal have areas >40 cm 2 . The Left atrial enlargement (LAE) has been measured successfully using cardiac ultrasound (echocardiology). The ultrasound is a noninvasive and widely used technique but has the drawback that it is an expensive technique. The electrocardiogram (ECG) is a much cheaper alternative so it is desirable to use it to help identify LAE.
The morphology of the P-wave has been shown to provide insight into the conduction through the atria. [6] It has also been shown that there is a significant correlation between the duration of the widest P-wave in a 12 lead ECG and the long axis dimension in a 2D transthoric echocardiogram (TTE). [7] This indicates that the P-wave can be useful in classifying the degree of Atrial enlargement.
The problem with the P-wave is that it is has a very low signal level and is very noisy which makes it difficult to characterise the morphology. One way that the signal level can be improved is to use signal averaging to improve visualisation for manual review by a cardiologist. Previous work by the authors indicate that wavelet analysis of the Pwave can be very sensitive to changes in the morphology and thereby alleviate some of the difficulties inherent in the measurement [8] .
Neural networks are a useful technique for pattern matching or feature extraction or classification [6] . Neural networks have been applied to the ECG and in particular the P-wave for pattern matching and feature extraction [6] . This paper proposes to apply neural networks to the P-wave to classify LAE as mildly or moderately or severely enlarged.
II. METHODOLOGY
The aim of this study was to classify LAE into the 3 groupings of mildly abnormal, moderately abnormal, and severely abnormal from the subject's P-wave using a neural network. Neural networks were used to perform the classification and they were created, trained and tested using 3 sets of ECG features. The first set was the cardiological features since the cardiologist normally examines the P-wave durations and areas to assess the ECG. The second set was the wavelet features since previous studies by the authors [8] have shown that the wavelet analysis of the P-wave was sensitive to changes in morphology. The final set was a combination of both the cardiological and wavelet features. In order to build and test the neural network classifiers the following methodology was used:
1. Extract 1 P-wave per subject (beat averaged). 2. Randomly choose 36 subjects for training set with the remainder becoming the testing set ensuring that there were enough subjects from each of the categories. 3. Extract the cardiological features from the training and test data sets. 4. Create and train a neural network based upon the training set of cardiological features. 5. Test the neural network with the test set of cardiological features ______________________________________ 978-1-4244-2193-0/08/$25.00 ©2008 IEEE 6 . Repeat 3-5 using the wavelet features. 7. Repeat 3-5 using both the wavelet and cardiological features.
A. Experimental Data & P wave Extraction
Echocardiograms and ECG recordings were taken from 52 subjects during sinus rhythm. The mean age was 76.9 ± 12.4 years and there were 37 Males and 15 females. The mix of gender does not affect the result since this study classifies the amount of LAE and does not try to correlate LAE to a particular cause. Each subject had a clinical 12 lead ECG recorded on the same day of their echocardiogram. The ECG recordings were 10 seconds in length and recorded using Micromedical's ECG PC link TM , with a precision of 16 bits at a sampling rate of 1 kHz which is downsampled to 500Hz using an averaging and peak picking algorithm for storage. The amplifier input range is +/-6mV with a 3dB bandwidth of 0.05-175Hz. All recordings were made with a permanent 1 st order high and low pass filter set to 0.05Hz and 170Hz respectively.
The subjects exhibited echocardiographic characteristics of enlarged left atria with left atrial areas greater than 20 cm 2 [5] . One subject had a left atrial area of 19.7 cm 2 , one subject was a borderline case with a left atrial area of 20 cm 2 , and the rest were larger than 20 cm 2 . Overall there was one subject < 20 cm 2 , 15 subjects that were mildly abnormal, 33 subjects that were moderately abnormal, and 3 subjects that were severely abnormal. The measurements of left atrial area were made from 4 chamber apical views of 2 dimensional TTE in accordance with clinical procedure recommendations made by the American Society of Echocardiography [9] . The echocardiogram provided a view of the frontal plane of the heart. It is for this reason that it was decided to use the Frank Lead system (X-Y-Z) which can be derived from the 12 lead ECG using the inverse Dower transform [10] [11] . The frontal plane is defined by a horizontal X axis across the torso and a vertical Y axis down the torso. It should be noted that X and Y directions do not precisely align with the long and short axes of the atria as provided by the TTE.
A beat averaged P wave signal was produced for each subject from the 10 second clinical ECG recording. The baseline was removed using a 4 th order lowpass Butterworth filter with a 3dB cutoff at 0.5Hz. The P-waves were identified by the standard approach involving automated location of the QRS complex as a landmark to search for the P-wave [12] The QRS complexes were isolated by wavelet decomposition and applying a hard threshold to 3 selected scales of wavelet coefficients. The peaks were correlated across all scales to discriminate between QRS complexes and broader high amplitude T waves.
A search window of 5-25ms prior to each QRS complex was processed to identify the P wave peak. The duration of the P wave in lead II was derived from this process and served as the standardised measure of the P-wave's duration.
B. Feature Extraction 1) Cardiological Features:
The cardiological parameters are the parameters that can be determined from the durations and areas of the ECG. The parameters chosen are the parameters that cardiologists use to indicate the possibility of atrial enlargement. These parameters are the P-wave duration, the terminal force in V1 (PV1), the P/PR ratio, and the PIIarea.
The P-wave duration is the time in milliseconds between the initial excitation of the sino-atrial node (onset) and the completion of the depolarisation in the left atria (offset). [13] [14] [15] The P-wave duration is determined from lead II. This is the most common parameter used by cardiologists.
The P-wave terminal force in V1 (PV1) is defined as the product of the duration and amplitude of the P-wave during the negative phase shown in lead V1 [13] [14] [15] .
The P/PR ratio is the ratio of the duration of the P wave to the duration of the PR segment in lead II [13] [14] [15] . The PR segment duration is defined as the time taken from atrial excitation to the onset of ventricular excitation.
The PII area is the area of the P-wave in lead II. It is defined as half the duration multiplied by the maximum amplitude [15] .
The cardiological features consisted of 4 values.
2) Wavelet Features:
The Continuous Wavelet Transform (CWT) applied in this study was a continuous scale discrete time transform since the signal being processed is discrete in time. The chosen wavelet for this application was the 2nd order derivative of the Gaussian function. This wavelet was found to provide the highest correlation with the healthy P wave [8] . The 2nd order derivative wavelet basis function is defined as: (2) The constant, B 0 , is the normalising constant for the wavelet base required to normalise the energy of the basis function. The set of wavelet coefficients and the wavelet energy spectrum were then used to derive the following characterizations of the P wave:
The total energy contained in each scale (a) of wavelet coefficients C{a,b} for a P wave was defined as: (3) Where the total energy of the i th P wave at each level, E v i (a), was defined as the sum of all energy at all locations, b(n), between the onset p i 1 and offset p i 2 of the P wave. The measure for total energy was defined as the energy contained within all scales for the duration of the P wave. The peak frequency corresponds to the scale which had the highest correlation between the P wave and the wavelet basis [16] .
In deciding on the frequency bands to investigate this study was guided by previous work [8] that found frequencies in the band 13.5-2.5Hz to be highly correlated to the overall morphology of the P wave. Frequency bands of coefficients lower than 2.5Hz were observed to be significantly affected by adjacent QRS complexes and were therefore discarded from analysis.
Two measures of wavelet parameter stability were used as it has been shown that abnormal P waves evidence variability [17] . These variance measures were the inter-quartile range and the quartile variation. Both measures describe the regularity and morphology of the P-wave's energy distribution.
The inter-quartile range (IQR) and quartile variation (QV) were defined, respectively as:
The first, Q 1, and third, Q 3 , quartiles are median points between the extremes of each P-wave's energy distribution and its statistical median. The inter-quartile range describes the range of wavelet scales which contain the central 50% of the total energy of the P-wave. The value of Q2 gives the statistical median of the P-wave's energy distribution.
The four wavelet parameters derived for each lead were; the peak frequency at the maximum correlation, the IQR, the QV, and Q2. Since the X, Y and Z leads were used then the wavelet features consisted of 12 values. 
C. Neural Network Classifier
Three neural networks have been adopted to classify LAE for abnormal cases. The cases were classified according to their area as mildly, moderately, or severely abnormal [5] .
Each suggested neural network had an input layer with a sigmoid transfer function, hidden layers with a linear transfer function, and an output layer with a sigmoid transfer function.
The first neural network took the 4 cardiological features as the input (P, P/PR, PV1, PIIarea). The number of neurons for the three layers were 8-8-3 respectively.
The To train each of the neural networks, 36 subjects were used with the normal back propagation learning method. After training the networks were tested with the 16 other subjects.
III. RESULTS AND ANALYSIS
The results for the 16 test cases for each neural network is given in the table below. The results in table 1 indicate that the neural network has better generalisation performance using the wavelet features as inputs. The combination of the ECG features and wavelet features as inputs to the neural network does not significantly improve the classification performance.
The ECG features (PII, PV1) provide parameters of the P wave which are approximations and do not account for variations which can occur, such as alternate directions of conduction. The wavelet features take into account the 3 planes of conduction and provide a less empirical method of parameter extraction. Hence the wavelet features and combinations gave better results than the cardiological features alone. Since the wavelet features and the combination of the wavelet and cardiological features gave the same classification result then it implies that the wavelet features provide more descriptive information to the neural network.
IV. CONCLUSIONS
The neural network using wavelet features tends to give the better classification results, which indicates that wavelet features are useful inputs for a neural network classifier.
Cardiological parameters assess the shape of the P-wave using generalized methodologies and hence the area measurements are approximations. The accuracy of these features could be improved by an objective automated assessment of the P wave area.
It should be noted that this is a preliminary study with a limited number of cases with severely dilated atria. So a larger study is required to assess the robustness and sensitivity of this approach.
Overall, this study indicates that a neural network in conjunction with wavelet features derived from clinical ECGs can be used as a classifier for the severity of LAE.
